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Abstract

The growing number of wearable electrocardiogram (ECG) users today, combined with the
surge of artificial intelligence (AI) and machine learning (ML) in medical signal-processing,
has led to a new age of wearable-enabled monitoring for cardiac conditions. With the
development of advanced processing methods, wearables offer the opportunity to monitor
and predict the probability of various cardiac conditions, from cardiac ischemia to arrhyth-
mias, by collecting personalized data from the comfort of a user’s home. Although such
technology has not yet entered the market, Al and ML research training specifically on
wearable-based ECG data has grown significantly in the last decade. Despite this grow-
ing niche, there are few current articles reviewing the applications of these techniques in
wearable ECG technology. To fill this gap, this article first primes the reader to the practical
tools required to build models from ambulatory ECG, synthesizes the state of the field
across major cardiac condition use-cases, and finally highlights recurring limitations in the
current literature and outlines the need to improve reliability if this technology were to be
widely utilized. As a result, we aim to help readers who otherwise may be unfamiliar with
the specifics of these tools and their applications to form an interpretation of the current
capabilities of AI/ML in wearable ECGs and identify key steps required for improvement
based on the most current research.

Keywords: Electrocardiography; artificial intelligence; machine learning; deep learning;
wearable technology; signal processing; atrial fibrillation; ischemia; myocardial infarction;
heart failure

1. Introduction

Cardiovascular disease remains the leading cause of death around the world. Despite
the prevalence of cardiovascular disease, medical advancements in prevention, diagnosis,
and treatment allow patients to live longer, healthier lives than before. The development
of wearable devices now allows individuals to continuously “monitor” their health and
generate health-based insights based on their biodata. With the growth of continuous
wearable monitoring, researchers have explored ways to utilize health signal data to better
detect and favorably modulate the course of disease. Many wearables enable users to
capture their own electrocardiogram (ECG) data, allowing researchers to explore how
ambulatory ECG signals can be used to detect and ultimately provide early intervention
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for events such as arrhythmias, heart attacks, and even long-term cardiac ischemia. With
the advent of artificial intelligence (Al) and machine learning (ML), it is now possible to
construct highly accurate predictive models from wearable ECG data. Figure 1 summarizes
a typical machine-learning workflow for ECG data.
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Figure 1. Summary of Typical ML-ECG Workflow.

Most existing reviews in this field emphasize either commercial device validation
and regulatory clinical use [1], real-time monitoring and implementation systems [2],
multimodal wearables rather than ECG specifically [3], or broad catalogs of AI/ML tasks
and architectures [4]. Additionally, existing reviews often overlook the technical and
physiological nuances of the single-lead ECG signal and lack a critical analysis of the
translational gap between in silico performance and the reality of ambulatory application,
often overinflating the present-day maturity of wearable AI-ECG systems. What is still
needed, and what this review provides by identifying cross-cutting methodological failure
modes, is a wearable-ECG—centered lens on the field’s clinical evolution, key technical
constraints, and translational path forward, written for scientifically minded readers who
may not be familiar with common signal-processing and machine-learning workflows.
Accordingly, this review is structured as a primer plus translational synthesis focused on
wearable ECG-based AI/ML for prediction and detection of clinically meaningful cardiac
disease. We first orient the reader to the practical tools required to build models from
ambulatory ECG (preprocessing, model families, and evaluation), and then synthesize the
state of the field across major use-cases in this niche—spanning ischemia/MI, ventricular
dysfunction and heart failure, and arrhythmia and malignant event risk.
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Key Objectives of This Review

e Provide a primer on wearable single-lead ECG characteristics and preprocess-
ing/segmentation commonly used in AI/ML pipelines.

e Review AI/ML methods and the evaluation metrics used to assess performance,
especially in imbalanced settings.

e  Synthesize key wearable ECG clinical applications and conclude with the major limi-
tations and translational considerations for real-world clinical integration.

2. Understanding Wearable ECG Data: Signal Processing,
Techniques, Challenges

Electrocardiography (ECG) is considered the gold standard for non-invasive cardiac
monitoring and is traditionally performed using a 12-lead system of electrodes [5]. Ad-
vances in sensor miniaturization and signal processing have enabled ECG acquisition in
wearable technology, including smartwatches (Apple Watch, Samsung Galaxy Watch), fit-
ness trackers (Fitbit, WHOOP), adhesive patch monitors, and smart textiles. These devices
operate by using fewer leads than the traditional 12-lead system. Most wearables utilize
single-lead systems, which offer advantages in portability and continuous monitoring, but
drawbacks in resolution and sensitivity, most notably in spatial information. In the single-
lead setup, often Lead I or Lead II, the general morphology of the P wave, QRS complex,
and T wave is conserved, but minute details required for certain diagnostic criteria may be
difficult to identify [6,7].

The quality of an ECG wearable signal depends on several parameters, including
motion artifacts, baseline wander, and environmental factors. As the single-lead ECG
is a relatively weak, continuous signal, noisy elements must be identified and filtered
out before interpretation [8]. Out of such noise, motion artifacts, created by physical
movement, are one of the most difficult to remove, as they usually overlap with the spectral
components of the ECG signal itself [9]. Motion artifacts are also activity dependent; for
example, obstacle course and circuit training will have different impacts on signal integrity
compared to treadmill walking [10]. The type of activity also influences electrode-skin
contact. Proper adhesion, stretchability, and conformability of the wearable electrode
are crucial in maintaining high transmission quality or Signal-to-Noise Ratio (SNR) of
electrophysiological signals [11].

Given these challenges, signal processing techniques are essential for converting noisy,
raw signals into interpretable forms for further analysis. To address the inherent noise
in wearable ECG data, three tools are employed: frequency-domain filtering (bandpass,
highpass, lowpass), adaptive filtering, and Empirical Mode Decomposition (EMD) (Table 1).

A bandpass filter is a fundamental tool for removing noise by allowing a specific range
of frequencies through. In ECG signals, a bandpass filter can be used to remove muscle
artifacts and background noise like powerline interference. High-pass filters and low-pass
filters can also be used to eliminate low-frequency noise caused by respiration or movement
and remove high-frequency electrical interference, respectively. For real-time applications,
adaptive filtering offers dynamic noise reduction [12-14]. For example, the Kalman filter,
which uses previous outputs as current input, improves filtering over time [15]. Adaptive
filtering allows the removal of noisy artifacts while preserving important diagnostic features
of the ECG. Finally, EMD can further distinguish noise types by decomposing the signal
into a set of components called intrinsic mode functions (IMFs) based on the signal’s
own timeframe.
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Table 1. Comparison of Key ECG Pre-processing and Segmentation Techniques.

Technique

Purpose and Pros

Limitations

Applications

Frequency-Domain Filters
(Bandpass, Low-pass,

Purpose: Remove noise at
specific, known
frequencies.

Pros: Simple,

Inflexible. Removes ECG
information if it shares
frequency with noise. Poor

Powerline interference,
baseline wander, and
high-frequency electrical

High-pass) computationally fast,and ~ with unpredictable noise Noise

very effective for (motion). )

predictable noise.

Purpose: Dynamically

removes noise by adapting
Adaptive F11ter}ng to the 51gna} in real time. Computatlonaillly cqmplex Real-time motion artifacts.
(e.g., Kalman Filter) Pros: Effective at removing and resource-intensive.

noise while preserving

ECG features.

Purpose: Decompose the

signal into its base Cons: Computationally I

. ) . solate and remove

Empirical Mode components (IMFs). intensive and complex non-stationary noise (like
Decomposition (EMD) Pros: Data-driven (uses the implementation. Sensitive Y

signal’s own properties).
Separates noise sources.

to noise.

motion) before analysis.

Pan-Tompkins Algorithm

Purpose: To segment the
continuous signal into
individual heartbeats.
Pros: Well-established,
reliable, and efficient for

Cons: Less effective for
subtle P or T wave
detection

Foundational step for
feature engineering:
calculating HRV or QRS
duration.

detecting QRS complexes.

Once the signal is cleaned, the continuous waveform can be segmented into individual
heartbeats. The Pan-Tompkins algorithm is a well-established method for segmentation
that detects the R-peak and QRS complex based upon analyses of slope, amplitude, and
width. This enables the extraction of clinically relevant features that are essential in
ECG analysis and the performance of ML models. By applying a series of filters and
implementing moving-window integration, the algorithm detects key cardiac events by
identifying transient features [16].

Then, segmented beats are used in feature engineering, a manual process in which
specific metrics are extracted from beats and fed into traditional ML models [17]. These
features range from time-domain features such as QRS duration or QT interval to variability
features like Heart Rate Variability (HRV). While segmentation and feature detection are
important for traditional models, newer deep-learning architectures can learn directly from
filtered ECG waveforms. By incorporating feature learning directly into classification,
deep-learning models bypass explicit steps and capture subtle patterns that humans may
miss—a major advancement in the field [18].

3. Artificial Intelligence and Machine Learning in Wearables

Al in ECG analysis initially relied on traditional feature-dependent ML and subse-
quently transitioned to unsupervised deep-learning (DL) methods. Decision-tree models,
such as random forests and support vector machines (SVMs), and linear models like lo-
gistic regression, are the primary methods for classifying arrhythmias, particularly atrial
fibrillation (AF). Such models rely on manual feature engineering for the cleaned ECG
waveform and inputting those features into the models themselves, whereas unsupervised
methods work independently. A 2024 study by Alimbayeva et al. found that among logical
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regression, decision trees, random trees, SVMs, and Convolutional Neural Networks, Con-
volutional Neural Networks demonstrated the highest accuracy when predicting cardiac
diseases [19].

Although traditional methods are effective for specific diagnoses, the consensus is
moving towards DL and Al as they emulate human cognitive processes with data recog-
nition and therefore can handle diverse data and varying ECG diagnoses [20]. DL offers
significant advantages by bypassing the need for manual feature detection. Neural net-
works, a type of advanced DL architecture, can extract features directly from raw ECG
signals and learn from them.

The most common architectures are Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs). A CNN is a neural network characterized by convolu-
tional structures that allow it to perform well in the image processing field [21]. This type of
model has been applied to various diseases, and its local connectivity and weight-sharing
properties make it ideal for ECG analysis [20,22]. On the other hand, the RNN’s strengths
lie in processing temporal and sequential data because of its feedback loops and memory
of historical information. Oftentimes, in ECG data, they are utilized for rhythm analysis
but require preprocessed features in the time and frequency domains [21]. These two
architectures can also be used in tandem, creating efficient approaches to the classification
of ECG data. In a study investigating DL of ECG for hypoglycemic events, researchers
found that a CNN + RNN model performed better than a simple CNN system, with higher
sensitivity and specificity [23]. A comparison of common algorithms can be seen in Table 2.

Table 2. Comparison of Machine-Learning Architectures for ECG Analysis.

.. ECG Analysis T Example
Model Type Core Principle Pros Limitations Application
Traditional ML Manual feature - Dependenton  Arrhythmias,
(e.g., SVM engineerin Specific, manuall such as Atrial
Reﬁélom ’ thegn i well-defined extractec}ll Fibrillation
P diagnoses.

Forest) classification. features. (AF).

Learning Wide range of

. Ideal due to - :
Comvlutonalputems e " Dificltio e
Network the (raw or connectivity decision Anal Zil:l
and weight- . yzmg

(CNN) p.rocelssed) sharing. making ECG asalD

signal. image.

Processes
Recurrent temporaland  Analyzing
Neural sequential data time-series Requires Rhvthm
Network using data where the preprocessed anzl sis
(RNN) “feedback order of events features. yss.

loops and matters.

memory.”

Combines Detecting

spatial hypoglycemic
Hybrid Model s}c)rengths of gj;pe tsu(rg;l:;oth Increased e\}flgntgsl
(e.g.,, CNN + CNNs Wlth the and spatial) of model . shovye.d. higher
RNN) sequential information complexity. sensitivity and

memory of ' specificity than

RNNS. a simple CNN.

To ensure the reliability of these models and better understand their performance,

they must be evaluated using a range of standardized metrics [24]. As model evaluation is
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essential for both research and commercial validation, many major studies and companies,
such as Apple, AliveCor, and Fitbit, use the same metrics to assess performance.

Classification metrics can be organized into three main groups: binary, multiclass, and
multilabel. Binary classification focuses on predicting if a sample belongs to one of two
distinct groups. These values are commonly input into a 2 x 2 table known as a confusion
matrix, which is then used to calculate a series of other metrics, like sensitivity (also known
as recall), accuracy, and precision. Table 3 summarizes these classification metrics.

Table 3. Classification Metrics for Evaluating ML Models.

Metric What It Measures Use Case Key Limitation
The prqportlon of all Quick assessment Misleading on
Accuracy predictions that were of balanced .
imbalanced datasets.
correct. datasets.
The proportion of Screening. When
Sensitivity positive cases there is a high cost  Ignores false positives.
predicted as positive. of a false negative.
The proportion of Conﬁrmatory tests.
o . When there is a .
Specificity negative cases . Ignores false negatives.
. . high cost of a false
predicted as negative. o
positive.
N The' proportion of true  Evaluating “noise High on overly
Precision positives from all or the cost of a .
; . , conservative models.
predicted positives. model’s alarms.
Imbalanced
datasets. L
. . Less intuitive to
The harmonic mean of Provides one . .
F1-Score . explain than simple
precision and recall. balanced score accurac
between Sensitivity y:
and Precision.
Measures trade-off Comparing the “Less informative in
AUC-ROC between Sensitivity general highly imbalanced
and the False-Positive  performance of datasets” than a PR
Rate. models. curve.
Not as commonly
Imbalanced
. AUC-R
The Precision-Recall datasets where the reported as AUC-ROC,
PR Curve or ) but often more
(PR) Curve. positive class is the .
. valuable for disease
most important. .
detection.
Matrix of 4 outcomes:
Confusion True; Pos1t1ves, False Source fpr Detailed breakdown of
) Positives, True calculating other
Matrix performance.

Negatives, False
Negatives.

metrics.

Another way to understand model performance is through a Receiver Operating
Characteristic (ROC) curve, which illustrates the relationship between sensitivity and the
false-positive rate. The area under the ROC curve (AUC-ROC) quanttifies this performance,
where 1 is perfect, and 0.5 is random chance [25]. These metrics have been summarized in
Table 3.

Multiclass classification uses these principles but extends them to more than two
categories, which involves macro-averaging (each class is equally weighted) and micro-
averaging (weighted by the number of samples per class) to compute the same metrics,
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and the F1 score (which calculates a balanced measure of a model’s accuracy by taking the
harmonic mean of precision and recall). Multilabel classification, however, is much more
complicated, as a single ECG recording could have multiple diagnoses simultaneously. In
such cases, metrics such as Hamming loss (fraction of misclassified instance-label pairs),
subset accuracy (the multilabel counterpart of traditional accuracy), and one-error (the
fraction of examples whose top-ranked label is not in the label set) are more suitable [26].

Beyond the standard accuracy-based measures, due to the skewed and imbalanced
datasets in ECG analysis, alternate metrics are valuable. When class sizes differ largely,
the previously mentioned F1 score and the Matthews Correlation Coefficient (MCC) offer
a more balanced assessment [27]. Furthermore, precision-recall (PR) curves offer a way
to understand the trade-off between positive predictive value and recall. Compared to
ROC curves, PR curves focus on the performance of the positive class and thus are more
informative in highly imbalanced datasets, where correctly identifying the minority class
(e.g., diseased patients) is clinically more important than overall accuracy [25].

There are, however, limitations of wearable ECGs that limit their current adoption.
Models that are trained on inherently noisy wearable data require thorough preprocessing
and architectures capable of handling such imperfect samples. Secondly, the availability and
quality of large, physician-annotated datasets are a major barrier to developing applications.
Unlike atrial fibrillation, where vast, de-identified datasets are publicly available, processes
like cardiac ischemia are far more challenging to create datasets for, forcing companies and
researchers to invest significant time and money into labeling, organizing, and creating a
new public dataset to tackle a different disease. Most public ECG databases like PhysioNet’s
MIT-BIH Arrhythmia Database [28], PTB-XL [29], Chapman University Shaoxing [30], and
the China Physiological Signal Challenge [31] are limited in size and diversity of disease,
making it challenging to train models that generalize across patient populations and
different disease states [32].

Another key challenge lies in the interpretability of models. Powerful deep-learning
models often function as “black boxes” that make predictions without showing a clear
step-by-step rationale. The lack of clear criteria under which black box models operate
not only makes it difficult for clinicians to understand and adopt them but also makes
regulatory approval challenging, especially in high-stakes fields such as cardiac health [33].
Addressing these challenges requires interdisciplinary work to ensure reliable, ethical, and
actionable deployment into the healthcare space [34].

4. Applications in Detecting Cardiac Conditions: Arrhythmias, Heart
Disease, and Others

4.1. Atrial Fibrillation (AF)

AF is a benchmark application of Al and ML in the wearable ECG realm. Over the last
10-15 years, AF has received intense focus among the scientific community due to the clear
clinical need: AF is the most common arrhythmia worldwide, a major risk factor for stroke,
and is often asymptomatic [35,36].

Large prospective studies were the first to confirm this approach at a population
level. The Apple Heart Study, with nearly 420,000 participants, demonstrated how an
algorithm deployed on a smartwatch and based on a photoplethysmography (PPG) sensor,
which passively measures changes in blood flow, could identify possible AF and prompt
physician follow-up. This study, verified using an ECG patch, served as a foundational
proof-of-concept for an app-based wearable Al-screening system for cardiovascular disease
preventative care [37].

ML-based wearables now demonstrate strong accuracy in detecting AF using single-
lead ECGs and PPG signals [38,39]. Across major trials and meta-analyses, validated
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algorithms report sensitivities and specificities at or above 90% for distinguishing AF
from a normal sinus rhythm (Table 4). Such high performance has been seen in large
pragmatic studies (Perez et al., 2019, which uses an irregular rhythm classifier based
on PPG data), population-level cohorts using wrist PPG devices (Guo et al., 2019), and
randomized trials with handheld ECG screening (Halcox et al., 2017, AliveCor’s feature-
based classifier using QRS interval analysis) [37,40,41]. Given such accuracy, some believe
that deep-learning models have achieved cardiologist-level rhythm classification from
single-lead ECGs, solidifying the capability and reliability of Al in arrhythmia detection [42].
However, translating these figures to broad screening remains challenging. While the
REHEARSE-AF study (Halcox et al., 2017 [41]) demonstrated a four-fold increase in AF
detection compared to routine care, the underlying automated algorithm was prone to false
positives, leading to a reported real-world positive predictive value (PPV) as low as 5% for
automated notifications before clinician overread. This disparity highlights the validation
gap between FDA-cleared sensitivity (98%) and the practical burden of false-positive alerts
in an unmonitored ambulatory population.

Table 4. Performance of classification algorithms integrated with wearable devices in detecting AF.

Study Device Classification Population Performance
System
Tachogram
Sampling and
Perez et al., ; 419,297 oo
2019 [37], NEJM Apple Watch Irreguliarlty participants PPV = 84%
Analysis
(proprietary)
Guo et al Huawei PPG algorithm
2019 [40] ’I ACC smartwatch or on pulse waves 187,912 users PPV =91.6%
’ wristband (proprietary)
98% Sensitivity
Halcox et al,, AliveCor ECG algorithm 1001 97% Specificity
2017141, KardiaMobil (proprietary) Ider-adult 5% PPV
Circulation ardiaviobre proprietaty order-aduits (Real-world
alarms)
Hannun et al.
/ . . 34-layer DNN . F1=0.837
2019 [42], Nat Zio monitor for ECCs 53,549 patients AUC =097

Med

The field is now expanding beyond binary tasks of detection and is evolving into
identifying nuance in disease progression for prognosis and risk stratification.

This shift is enabled by the continuous nature of wearable devices, allowing for the
calculation of metrics like AF burden (the total amount of time a patient spends in AF). For
instance, smartphone ECG burden measurement during the ‘blanking period” post-ablation
has shown that higher burden strongly predicts arrhythmia recurrence [43]. Emerging
applications like these suggest that wearables hold potential to provide richer clinical
insights past basic detection and into AF progression.

Moreover, AF research benefits from large open datasets such as the PhysioNet MIT-
BIH Atrial Fibrillation Database, the AF Classification Challenge 2017 dataset, and the
PhysioNet AF Prediction Database, which provide tens of thousands of annotated single-
lead ECG segments for ML training and validation [28,44-46]. The availability of real-world
data is far greater for AF than for many other arrhythmias, making AF especially well-suited
for ML development.
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Overall, AF represents the most validated and widely studied application of Al in
wearable ECG monitoring. The lessons learned in AF detection have developed an ideal
approach for tackling the more complex cardiac events and conditions that follow.

4.2. Myocardial Infarction

Myocardial Infarction (MI) affects roughly 15.9 million people worldwide every
year [47]. Traditional diagnosis relies on a standard 12-lead ECG to identify characteristic
changes such as ST elevation, limiting monitoring to clinical settings. Therefore, a major
goal for wearables has been to replicate the diagnostic power of a 12-lead ECG in a sing]le-
lead device [48]. Early detection of MI, especially ST-elevated MI (STEMI), is critical for
timely treatment, making a wearable solution using Al hold promise for pre-hospital triage.
However, in comparison to arrhythmias, this challenge is significantly more complex.

Recent studies are demonstrating that this leap is possible. By comparing single-lead
ECG deep-learning models to 12-lead models, studies are examining whether a single lead
contains sufficient information for ML models to operate effectively. In an advanced single-
lead study, Ezz explores the classification of MI and finds that single-lead deep-learning
models like VGG16 and MobileNetV2 reach F1 scores of 97%, affirming that single-lead
ECGs carry sufficient discriminatory power to classify MI [49].

This affirmation, however, comes with a trade-off between the convenience of a single
lead and the comprehensive spatial information of the 12-lead ECG, and a significant perfor-
mance gap still exists between laboratory benchmarking and ambulatory deployment [50].
This loss of information directly affects diagnostic accuracy, and studies on ST-segment
monitoring have confirmed this. A study of patients with unstable coronary syndromes
demonstrated that a single-lead ECG failed to detect 42% of events, highlighting how
oftentimes more than a single lead is required to detect ongoing ischemia [51]. As such,
there has been a need for a computational method to overcome the spatial context that
is lost when using a single lead. One major avenue of research involves feature learning,
where models attempt to identify markers invisible to the human eye [52].

A 2024 study by Anwar et al. developed an 11-class MI localization system and a
lightweight, optimized autoencoder-k-NN classifier using only single-lead ECG features,
achieving 99.7% accuracy and 99.2% F1-score [53]. Although the classifier reported nearly
perfect metrics, it is important to note that it was trained on the curated, low-noise PTB-
Diagnostic dataset. Similarly, a recent arXiv preprint proposes alignment techniques to
situate single-lead ECG data in a multi-lead context to improve MI detection through single-
lead machines. Experimentally, their model achieved “superior performance over baseline
models across nine myocardial infarction types while maintaining a simpler architecture
and lower computational overhead” [54]. Gibson and colleagues have supported this
approach, with their group creating a model, using only lead II, yielding around 90.5%
accuracy [55].

The other strategy lies in pure signal reconstruction, in which Al rebuilds a full 12-lead
ECG from just a single lead [56]. In a recent 2025 article, Presacan and colleagues attempted
to reconstruct a 12-lead electrocardiogram from limited leads (single and dual) but identi-
fied how models simply regressed to population averages rather than being sensitive to
individual patient characteristics [57]. Although this study explored the mathematics of
lead conversion using Al, it supports evidence of the fundamental void of data when using
a single lead to pinpoint specific conditions.

Assisted by modern architectures and techniques, the MI domain has seen meaningful
progress toward single-lead, real-time ECG detection of ischemia, with some models
pushing performance past clinical accuracy. However, these in silico results often fail to
account for the signal-to-noise ratio degradation inherent in wearable use, and a substantial
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gap remains in translating in silico models that are trained on clean, static datasets to
inherently noisy ambulatory applications. When subjected to noisy, real-world settings,
model performance often crashes. A 2024 Al model specifically designed to detect STEMI
from noisy single-lead recordings achieved a 0.828 AUROC for detection but a very low
specificity of 43.0% [58]. This suggests a high rate of false alarms, which raises concerns
for a potential pre-hospital triage tool that must have high specificity. Furthermore, this
quantitative disparity between lab and ambulatory applications underscores a fundamental
limitation: while the electrical signal of an MI may be present in a single lead, it is frequently
obscured by motion artifacts and baseline wander that curated datasets like PTB-XL do
not replicate. Such models also require further validation in real-world trials where they
can be verified with ground truth clinical outcomes to take the jump and integrate with
the watches of the public. Therefore, future work in MI detection should focus on diverse
datasets, validating wearable studies, and running outcome trials to ultimately translate
these powerful innovations into clinical practice and improve patient outcomes.

4.3. Heart Failure

Compared to acute events, heart failure (HF) represents a greater detection challenge
given the multi-factorial disease process and lack of HF-specific ECG changes. The need
for specialized equipment to determine structural changes and ventricular function limits
population-sized screenings. However, the fusion of single-lead wearable ECG data with
Al offers a scalable and highly accessible screening solution for identifying at-risk HF
patients [59].

A key application of wearable ECGs lies in detecting Left Ventricular Systolic Dys-
function (LVSD), a condition traditionally diagnosed via echocardiography and defined as
LVEF < 40%. Although single-lead ECGs do not measure structural properties of the heart,
ML models can be trained to detect subtle electrical signals associated with reduced cardiac
pump function (a structural and mechanical property). For example, Attia et al. (2022) [60]
demonstrated how a CNN, initially trained on 12-lead and then adapted for a single-lead,
can identify low ejection fractions, achieving an AUC of 0.885. When using the mean model
predictions, the model achieved a sensitivity of 68.8% and a specificity of 83.7% at the
optimal threshold of 0.67. Notably, at a lower cut-value of 0.60, sensitivity increased to
87.5% (specificity 80.7%), demonstrating the flexibility of the model as a high-sensitivity
screening tool even in a cohort where 75% of patients (12 out of 16) had minimal or no
symptoms of LVSD [60,61]. Using Apple Watch ECGs, this study validates how wearable
data acquired in non-clinical settings holds utility in identifying patients with structural
cardiac abnormalities. Models trained in a large cohort study by Sato and colleagues
to identify left ventricular hypertrophy and low ejection fraction confirm this, achieving
significantly higher accuracy and specificity than cardiologists interpreting the same Lead
I data. The model showed a notable advantage in identifying low ejection fraction, with
an accuracy of 78.3% (sensitivity 68.9% and specificity 93.3%), significantly outperforming
Lead I cardiologists (65.6% accuracy, 53.7% sensitivity, 78.6% specificity) with p = 0.0127,
p =0.0379, and p = 0.0370 for accuracy, sensitivity, and specificity, respectively. This study
quantitatively suggests that an automated model can interpret single-lead ECG data more
reliably than a human expert, offering a reliable solution for identifying high-risk structural
cardiac conditions in wearable settings [62].

ML, though, is extending beyond cross-sectional diagnosis and into long-term risk
prediction [63]. The previously described AI-ECG CNN algorithm was found to be a
prognostic marker, independent of the patient’s given LVEF score. This model identified
patients at risk of Major Adverse Cardiovascular Events (MACE) and all-cause mortality
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over a two-year period from a single-lead ECG recording, underscoring how Al can extract
complex information missed by traditional human interpretation [64].

This predictive capability is most actionable when applied to continuous monitoring,
where Al can track deviations from a patient’s baseline to predict rapid deterioration. When
patient data deviates from its baseline, ML can predict the need for HF-based hospitalization
with a predictive accuracy comparable to implanted devices. In the LINK-HF multicenter
study, 100 patients recently discharged after heart-failure hospitalization were continuously
monitored for up to 90 days, during which 27 heart-failure hospitalizations occurred
(~27% event rate). Using a personalized machine-learning model applied to wearable
multisensor data, the system predicted impending heart-failure hospitalization with 76-88%
sensitivity at approximately 85% specificity by generating alerts a median of 6.5 days before
admission. False alerts were assessed on a per-day basis outside predefined pre-event
windows, explicitly modeling clinician alert burden rather than repeated detections of the
same hospitalization. Although absolute alert rates per patient-year were not reported, this
framework demonstrates that noninvasive longitudinal monitoring can provide clinically
meaningful early warning within a time window that may allow for intervention [65].

It is established that the Al-driven single-lead ECG is a powerful, non-invasive plat-
form that can advance the current state of disease prediction beyond simple rhythm moni-
toring. Still, it is important to remember that these deep-learning models often function
as “black boxes”, hiding the features that drive predictions and limiting the integration of
these tools in clinical decision making [66].

4.4. Ischemia

Myocardial Ischemia is the leading cause of mortality worldwide [67]. Causing cardiac
dysfunction and often preceding arrhythmias, MI, or sudden death, ischemia manifests in
subtle ways [68]. Detecting such sporadic changes in real-world ambulatory settings with
Al and wearables is therefore a largely unsolved challenge, with current models performing
at low sensitivities [69].

Recent studies, however, still highlight potential for bridging ML to single-lead ECGs
for ischemic heart disease detection. In 2024, Marzoog et al. aimed to compare bicycle
ergometry assessments with a single-lead ECG and pulse wave before and after the physical
stress test. Using ML methodology, they reported a higher sensitivity (0.755) and specificity
(0.516) compared to the bicycle ergometry test, with a sensitivity of 0.484 and a specificity of
0.531. The constrained sample set in this study limits generalizability, though, and models
often fail to sustain this type of performance in increased heterogeneous populations [70].

A 2025 scoping review emphasizes this discrepancy. While many deep-learning archi-
tectures like ResNet often achieve clinical-grade performance on clean ECG datasets, with
median sensitivity, precision, and specificity of 98.4%, 99.8%, and 99.1%, respectively, nearly
all studies were retrospective and conducted on low-noise, non-wearable datasets. None of
the studies collected ambulatory ECG recordings, which commonly have false alarms and
contaminated signals. Consequently, these exceptionally high performance metrics likely
reflect a combination of spectrum bias, limited disease heterogeneity, and potential label
leakage rather than deployable real-world performance [71,72]. In some datasets, “ground
truth” labels are themselves derived from automated algorithms or prior predictive models
rather than definitive clinical endpoints, which can lead models to reproduce upstream
labeling heuristics rather than detect true ischemia. Robust validation should require
comparison against endpoint-confirmed labels (e.g., coronary angiography findings or
adjudicated clinical events) rather than solely proxy annotations. Thus, translating ML to
wearable scenarios necessitates significant improvements in filtering, validation, and study
design [73].
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In practice, these limitations translate into major barriers to clinical adoption of Al-
enabled wearable ECG systems. High false-alert rates arising from motion artifact and
variable electrode contact are intrinsic to single-lead wearable ECG acquisition and translate
directly into clinician alert fatigue and unsustainable triage workload. Because these effects
correlate with activity, placement, and device design, performance observed in curated
datasets systematically overestimates real-world usability. Compounding this gap, ambu-
latory labels are often temporally imprecise, and alerts frequently lack clear downstream
clinical actions, further destabilizing reliability at deployment. As a result, adoption of
Al-enabled wearable ECG has been constrained not by retrospective accuracy but by failure
to deliver reliable, low-burden, and actionable alerts within routine clinical workflows.

The difficulty of this task and the fragility of such optimistic metrics were captured
in 2023 by Ekenberg and colleagues. By comparing a single-lead ECG with a 12-lead
ECG to detect reversible ischemia during a stress test, they highlighted the limitations
of the current system’s reliance on ST-segment analysis for ischemia detection. With
diagnostic sensitivities of 8.3% for single-lead and 12.5% for 12-lead ECGs, the results
suggest fundamental problems with traditional ST-segment analysis, regardless of the
number of leads [69]. So, this failure is not due to a lack of spatial information in the ECG
recording, but rather to the insufficient or unreliable nature of the deviation analysis for
detecting subtle ischemic changes. Additionally, the order-of-magnitude drop from >98%
in silico sensitivity to <9% clinical sensitivity suggests that high reported performance in
the literature may be inflated by spectrum bias—where models are trained on distinct,
late-stage disease cases—or label leakage, where the Al identifies features of the recording
setup rather than the ischemic pathology itself. Therefore, while Al and ML can detect
ischemia in a vacuum, translating this to wearables requires shifting away from static
datasets and toward prospective validation in noisy, heterogeneous clinical environments
that mirror wearable use cases.

4.5. Long QT Syndrome and Ventricular Arrhythmias

The early and accurate detection of Ventricular Arrhythmias (VAs) and diseases such as
Long QT syndrome (LQTS) is crucial, particularly in settings where continuous 12-lead ECG
is impractical or inaccessible. Currently, most efforts focus on developing models based on
12-lead ECGs to identify patients with LQTS; however, there is promise in adapting these
approaches for single-lead ECG applications [74-76].

As with other applications, the basic measurement of the QT interval and ST-T mor-
phology must be validated on wearable ECG before being applied to Al or ML models. In a
multicenter trial comparing Apple Watch and KardiaMobile 6L recordings with a reference
12-lead ECG in 98 patients with confirmed LQTS, researchers found a strong QTc (corrected
QT interval) correlation (r = 0.7 for Apple Watch) and moderate agreement in ST-T mor-
phology (k = 0.651 for KardiaMobile) [77]. Although performance was not indicative of
replacing the 12-lead ECG, it elucidates potential in monitoring patients at home.

With measurements established, research is expanding into advanced tasks. In a
recent analysis, a neural-network classifier trained on single-lead data discriminated major
LQTS genotypes with high fidelity, further suggesting that single-lead device signals
can capture meaningful information, uninterpretable to humans, like genotype-specific
electrophysiologic signatures [78].

Another focus in the field is predicting potentially catastrophic events instead of
recognizing an existing condition. In a retrospective study, Fiorina et al. illustrate how deep
learning could predict near-term risk of sustained VAs from a single lead ambulatory device.
Their model accurately predicted future ventricular tachycardia (VT) from recordings of
sustained VT (>180 b.p.m.) along with 90% of VT that degenerated into ventricular
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fibrillation. Paired with other advances in ventricular dysfunction detection, this model
lays the groundwork for new approaches to combat sudden cardiac death (SCD) while
improving patient outcomes by predicting potential cardiac events.

Still, hurdles exist for clinical integration. As single-lead systems only show moderate
alignment with 12-lead systems, deep learning may amplify artifacts or noise in real-world
settings. And, as with all Al-identified features, a black-box barrier to clinical entry lies
ahead [79]. In addition, false detections in ambulatory monitoring, often driven by motion
artifact, variable electrode contact, and context shifts (e.g., sleep, exercise, or posture), can
create unacceptable triage workload and impede adoption through clinician alert fatigue
if not explicitly managed. Accordingly, false detections should be managed with explicit
supervision embedded in the system around the model. First, signal-quality gating can
suppress predictions during poor contact or high-motion segments; second, temporal
persistence rules (e.g., requiring sustained) to filter transient noise; third, context-aware
checks (checking activity state and concurrent rhythm classification) to reduce spurious
triggers; and fourth, human triage, where only high-confidence alerts can prompt clinician
review while low-confidence signals trigger re-acquisition or monitoring. Prospective
studies should therefore report workload-centered metrics (false alerts per patient-time,
time-to-triage, downstream testing) alongside sensitivity and specificity and evaluate
performance across heterogeneous devices and real-world contexts.

5. Conclusions

The evolution of artificial intelligence in single-lead wearable analysis has established
it as a potentially valuable tool in cardiovascular medicine [80]. It is essential to recognize
that the accuracy of an AI-ECG model is only as good as the data it has been trained on.
Similarly, datasets are only as reliable as they are realistic to the real world (in which they
often lack diversity) and the signal quality captured from a patient (which is normally
contaminated with noise and artifacts). This features the reliance of such models on robust
signal processing methods and ground-truth data sources, regardless of the complexity of
the ML being used. To bridge the existing “translational gap,” future research must pivot
from achieving high-accuracy benchmarks on static, curated datasets toward prospective
validation in heterogeneous environments that more closely mirror “in-the-wild” deploy-
ment. This transition requires a rigorous commitment to reporting clinical metrics such
as PPV and false-alarm rates alongside traditional AUC scores to provide clinicians with
a realistic assessment of diagnostic precision in low-prevalence screening contexts. Fur-
thermore, overcoming technical hurdles like spectrum bias and the “black-box” nature
of deep learning will be essential for these tools to move from automated discovery to
reliable, evidence-based clinical instruments. Despite this, the field of Al-enabled wearable
technology for health has progressed far beyond its initial successes in simple rhythm
detection. As commercial watches continue to become better integrated into the lives of
millions worldwide, there is an urgent need for clinicians and the health system overall to
grasp both the applications and limitations of such powerful technology.

This review first outlines the basics of wearable ECG data, providing an overview
of signal processing (Table 1), key Al architectures, and how to evaluate them using
classification metrics (Table 2). Then, we discussed the progress and challenges of Al
applications: starting with the benchmark success of atrial fibrillation, trying to replicate
a 12-lead ECG’s power for myocardial infarction detection, correlating the underlying
electrical patterns to a mechanical disease in heart failure, and exploring the complex
challenge of predicting lethal events like sudden cardiac death. Here, we demonstrate Al’s
potential to move past replicating human-centric clinical markers and toward automated
discovery of novel, oftentimes imperceptible biomarkers. However, as this review has
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covered, this potential is tied to fundamental challenges of data. There is an unbridged gap
between high-performance in silico models and the realities of ambulatory applications.

The future of the field holds potential, but it currently stands at a juncture. The majority
of high-performance metrics cited in the literature are derived from curated, retrospective
datasets that do not account for the noise and signal variability of real-world ambulatory
use. The translation from a powerful research strategy into a reliable clinical instrument for
diagnosis and treatment will depend entirely on the next step of validation in prospective,
large-scale, real-world trials.
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Abbreviations

The following abbreviations are used in this manuscript:

AF Atrial Fibrillation

Al Artificial Intelligence
AUC/AUC-ROC  Area Under the (ROC) Curve
CNN Convolutional Neural Network
DL Deep Learning

DNN Deep Neural Network

ECG Electrocardiogram

EMD Empirical Mode Decomposition
HF Heart Failure

HRV Heart Rate Variability

IMFs Intrinsic Mode Functions

LVEF Left Ventricular Ejection Fraction
LVSD Left Ventricular Systolic Dysfunction
LQTS Long QT Syndrome

MACE Major Adverse Cardiovascular Events
MCC Matthews Correlation Coefficient
MI Myocardial Infarction

ML Machine Learning

PPV Positive Predictive Value

PPG Photoplethysmography

PR Curve Precision-Recall Curve

RNN Recurrent Neural Network

ROC Receiver Operating Characteristic
SCD Sudden Cardiac Death
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SNR Signal-to-Noise Ratio

STEMI ST-Elevated Myocardial Infarction
SVM Support Vector Machine

VA Ventricular Arrhythmia

VT Ventricular Tachycardia
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